The biomass burning model (BBM) has been the most widely used method for estimation of trace gas emissions. Due to the difficulty and variability in obtaining various necessary parameters of BBM, a new method is needed to quickly and accurately calculate the trace gas emissions from wildfires. Here, we used satellite data from the Orbiting Carbon Observatory-2 (OCO-2) to calculate CO 2 emissions from wildfires (the OCO-2 model). Four active wildfires in Siberia were selected in which OCO-2 points intersecting with smoke plumes identified by Aqua MODIS (MODerate-resolution Imaging Spectroradiometer) images. MODIS band 8, band 21 and MISR (Multi-angle Imaging SpectroRadiometer) data were used to identify the smoke plume area, burned area and smoke plume height, respectively. By contrast with BBM, which calculates CO 2 emissions based on the bottom-top mode, the OCO-2 model estimates CO 2 emissions based on the top-bottom mode. We used a linear regression model to compute CO 2 concentration (XCO 2 ) for each smoke plume pixel and then calculated CO 2 emissions for each wildfire point. The CO 2 mass of each smoke plume pixel was added to obtain the CO 2 emissions from wildfires. After verifying our results with the BBM, we found that the biases were between 25.76% and 157.11% for the four active fires. The OCO-2 model displays the advantages of remote-sensing technology and is a useful tool for fire-emission monitoring, although we note some of its disadvantages. This study proposed a new perspective to estimate CO 2 emissions from wildfire and effectively expands the applied range of OCO-2 satellite data. global area [7] . The ability to accurately estimate CO 2 emissions from boreal forest fires is necessary to understand the role of Siberia in the global carbon cycle.
Introduction
Land carbon storage is strongly influenced by ecosystem disturbances, which influence species composition and structure and cause a net carbon stock reduction [1] . Wildfires are one of the most significant disturbances to land ecosystems on regional and global scales and generate large amounts of critical greenhouse gases (GHG), especially CO 2 . Wildfires play a key role in global biogeochemical cycles, atmospheric composition, and land ecosystem attributes, all of which influence climate systems [1, 2] . Biomass burning events in forests have released approximately 2-3 Pg C yr −1 , mostly in the form of CO 2 [2] [3] [4] [5] . With increasing temperatures due to global warming and the accompanying drying trends, wildfires have increased in boreal forests over the last few decades [6] .
Boreal forests are the most important global terrestrial carbon stocks, and CO 2 released into the atmosphere by wildfires may convert forests from carbon sinks into net sources, which in turn contributes to global warming and affects the carbon cycle [7] . Wildfires also impact the climate through changes in the surface albedo [8] . Siberia's boreal forests cover more than 60% of the total CO 2 emissions such as sparse observed points of TANSO-FTS (Thermal And Near-infrared Sensor for carbon Observation-Fourier Transform Spectrometer) and a narrow swath of CAI (Cloud and Aerosol Imager) observations mentioned in Guo, et al. [7] , this paper attempts to use another GHG satellite, OCO-2, combined with MODIS (MODerate-resolution Imaging Spectroradiometer) and MISR (Multi-angle Imaging SpectroRadiometer) data to estimate CO 2 emissions from wildfires.
Materials and Methods

Orbiting Carbon Observatory-2 (OCO-2) Data
OCO-2, launched on 2 July 2014, is a National Aeronautics and Space Administration (NASA) mission to study CO 2 in the atmosphere to better understand the carbon cycle and to track and quantify CO 2 sources and sinks on a global scale [29] as well as their impact on climate. OCO-2 is a polar sun-synchronous orbit satellite with a return cycle of 16 days and crosses the equator at 13:35 LT (local time). OCO-2 estimates the column-averaged dry air mole fraction of CO 2 (denoted as XCO 2 , in ppm) from Earth's surface to the top of the atmosphere. When radiances pass through the atmosphere, CO 2 and O 2 will absorb radiance at specific wavelengths. XCO 2 is calculated by using the ratio of column CO 2 densities and O 2 molecules along the optical path between the Sun, ground surface, and OCO-2 sensor and is then multiplied with the column-averaged O 2 concentration [30] [31] [32] . OCO-2 carries a three-band imaging instrument that measures the O 2 A-band at 0.76 µm and two CO 2 bands at 1.61 and 2.06 µm to measure the weak and strong CO 2 bands, respectively [33] [34] [35] [36] .
OCO-2 is an excellent remote-sensing satellite for the study of atmospheric CO 2 which collects global atmospheric CO 2 with high precision and resolution [27, 37, 38] . The OCO-2 instrument covers a 1.29 × 2.25 km footprint at nadir and is capable of acquiring eight cross-track footprints, creating a swath width of 10.3 kilometers, to obtain XCO 2 values. Near-simultaneous measurements of XCO 2 using ground-based the Fourier Transform Spectrometers in Total Carbon Column Observing Network (TCCON) were used to validate the accuracy of XCO 2 products from OCO-2 and found that after bias correction, the XCO 2 extracted from OCO-2 agreed well on a global scale with the TCCON for nadir, glint, and target observations, with median differences less than 0.5 ppm and root-mean-square differences obviously below 1.5 ppm [27, 30] . Many researchers found that net variable errors of OCO-2 XCO 2 were ∼0.5 to 2.0 ppm over land [29, 31] .
As we know, OCO-2 only collects data in clear skies because the presence of aerosol, such as clouds, may increase the uncertainty of the XCO 2 value [39] . However, in this study, the bias was ignored as we selected the OCO-2 points which intersected light smoke plumes. We assumed that the bias compared with the clear sky condition was the result of forest fire CO 2 release [7, 40, 41] .
OCO-2 L2 Lite FP V8r data with NetCDF format (downloaded from the websites https://mirador. gsfc.nasa.gov/) which contain daily data of retrieved values for the state vector and geolocation information were used in this study.
Smoke Plumes and Burned Area Monitor Using Moderate-Resolution Imaging Spectroradiometer (MODIS) Data
MODIS is a key instrument aboard the Terra (across the equator in the morning) and Aqua (across the equator in the afternoon) satellites. Terra MODIS and Aqua MODIS sample the entirety of the Earth's surface with a 2330-km swath, providing near-global daily coverage. MODIS acquires data in 36 spectral bands from 0.4 to 14.4 µm at three spatial resolutions: 250 m (band 1 and 2), 500 m (band 3-7), and 1000-m (band 8-36) covering visible, near-infrared, shortwave infrared (IR), and thermal-IR regions in the electro-magnetic spectrum [42] . Bands 1 to 7 are specifically designed for remote sensing of land [43] .
Comparing MODIS false-color images with each single band, we found that MODIS band 8 (4.05-4.2 µm) could identify smoke plumes clearly and has higher correlation with XCO 2 values in the intersected points. In this study, we used MODIS band 8 to identify smoke plumes.
The launch of MODIS effectively improved the capabilities in fire detection compared with other sensors given active fire detection bands that allow for the retrieval of sub-pixel temperatures at 3.9 and 11 µm which have been successfully used for detecting fire locations [42, 44, 45] . Both actively burning fires and post-fire burned areas can be identified using MODIS data. Middle-infrared-to-thermal wavelengths (3.6-12 µm) were mainly used to detect actively burning fires based on the combustion temperature. The post-fire burned area was mainly extracted visually to a near-infrared band (0.4-1.3 µm) by way of the reduction of surface reflectance when vegetation is removed [46] . MODIS band 21 (3.929-3.989 µm) has been widely used in forest fire and volcano research [47, 48] , and in this study, we used it to monitor burned areas. Active fires and the recently burned scars all have higher temperatures which can be captured by MODIS band 21.
The orbit of Aqua MODIS is sun-synchronous, near-polar, and crosses the equator at 1:30 p.m. MODIS data and products have been successfully used in many fields, including land cover changes, environmental monitoring, global warming, landscape ecology, etc. In this paper, Aqua MODIS L1b data were used to map the burned scars and to detect smoke plumes.
Multi-Angle Imaging Spectroradiometer (MISR) Data and MISR Interactive Explorer (MINX) Software
MISR is part of NASA's first Earth Observing System spacecraft, the Terra spacecraft, which was launched on 18 December 1999. Unlike other satellite instruments, MISR records images of the Earth at 9 different angles in each of 4 color bands simultaneously. MISR's 36 simultaneous spectral-angular images have been widely used in aerosol optical depth, cloud, and smoke plumes study [4, [49] [50] [51] .
The MISR INteractive eXplorer (MINX) software is used to retrieve and analyze the heights and winds locally of smoke, dust, and clouds at higher spatial resolution and with greater precision [50, 52] . MINX is specially designed to display images from MISR's nine cameras and to determine the height and speed of motion of aerosol plumes and clouds on those images. This software has been the best-established tool in smoke plume height estimation and using this tool, thousands of plume heights have been derived in MISR Plume Height Project (https://misr.jpl.nasa.gov/getData/accessData/ MisrMinxPlumes2/). MINX can use MODIS thermal anomalies to locate active fires, and then computes the smoke plume heights from MISR stereo imagery [51, 52] . It is a robust tool in analyzing the physical properties of smoke plumes and plume dynamics. In this study, MINX V4.0 was used to identify smoke plumes and derive the height [52-54].
Wildfire Cases Selected in Boreal Forest
We targeted wildfires covered by Aqua MODIS images and OCO-2 on the same day where OCO-2 points must intersect wildfire smoke plumes. The MODIS products of MCD64A1 and Landsat images were used to obtain wildfire information. Then, we downloaded the Aqua MODIS L1B images covering the wildfires and identified smoke plumes visually. Based on the time span of wildfires and spatial range of smoke plumes, OCO-2 L2 data covering smoke plumes were downloaded to look for the intersect points. We selected one wildfire that met our standard in Siberia (on 20 April 2015), the cross time was 20 April 2015 05:13:08 and 20 April 2015 05:15:00 LT for OCO-2 and Aqua MODIS, respectively ( Figure 1 ). 
CO 2 Emission Method (OCO-2 Model)
In this study, we are going to explore a new method to quantify the CO 2 released from wildfires that is based on the transitional equation of mass calculation as shown below:
E CO2 indicates CO 2 emissions from wildfire, ρ is the density of CO 2 , and V is the volume of smoke plumes calculated using S (area) and multiplied by H (height). S is the area of smoke plumes calculated from MODIS images and H is the height of smoke plumes, which will be derived using MINX. The equation can thus be expressed as follows:
As shown before, the unit of OCO-2 XCO 2 data is parts per million (ppm). To calculate the quantity of CO 2 released from wildfires, it was necessary to convert these numbers to density values using
where ρ (mg/m 3 ) is the density of CO 2 in the atmosphere, M is the molecular weight of CO 2 , 22.4 indicates the molecular mass of atmosphere, ppm is the value of XCO 2 , T is the temperature (K), and Ba is the atmospheric pressure (hPa) [7] . XCO 2 values are determined by dry air, but M and 22.4 values are within standard atmospheric pressure. In this research, we ignore the uncertainty of water vapor concentration in the atmosphere and the smoke was uniformly distributed from the ground surface to the top of smoke plumes. We also assume that all smoke that released from forest fires was captured by MODIS without being dispersed into the atmosphere. To calculate the CO 2 emissions from wildfires, we must know XCO 2 , which is the difference between XCO 2 in smoke plume regions and the background value of XCO 2 . Base XCO 2 is represented as the mean value of OCO-2 points surrounding the smoke plumes (~10 km around) and the value is 399.786 ppm.
The temperature and atmospheric pressure are referenced from the L137 model-level definitions (https://www.ecmwf.int/en/forecasts/documentation-and-support/137-model-levels).
Biomass Burning Model (BBM)
BBM [9, 41] has been widely used to evaluate trace gas emission from wildfires and for studying the release of trace gases from biomass burning [55] [56] [57] . It is calculated based on the conservation of mass:
where Es (Mg) is CO 2 emissions from wildfires, S is the burned area (ha) as indicated from satellite images, B is the biomass fuel load (Mg ha −1 ), β is the combustion factor (%), and EF is the emission factor of CO 2 (kg kg −1 ). Many researchers used different approaches to obtain the BBM parameter for different ecological systems [13, 56, 58] . Among them, Akagi, et al. [59] summarized much of the literature data for biomass consumption for different vegetation and fire types, and in this paper we used the parameter of Akagi, et al. [59] to calculate CO 2 emissions which were used to verify the accuracy of OCO-2 model.
Results
Smoke Plume Area Detection and Height Derivation
To calculate CO 2 emissions from wildfires, we must know smoke plume characteristics such as height, distribution, and the value of XCO 2 . First, smoke plumes from wildfire must be detected accurately. Remote-sensing data can accomplish this work quite well and MODIS data were suitable for this study. Using the threshold of MODIS band 8, we detected the smoke plumes of the 4 fire cases (Figure 2 ) with area of 2.48 × 10 3 km 2 , 2.41 × 10 3 km 2 , 2.50 × 10 3 km 2 and 6.48 × 10 3 km 2 , respectively. As mentioned above, MINX has the potential to extract smoke characteristics and here we combine MINX and MODIS data to identify smoke plumes. By employing MINX v4.0, we derived the height of each wildfire smoke plume (Figure 3 ). We calculated the average height of each smoke plume pixel and obtained the height value as 2.29 km, 2.38 km, 1.99 km, and 2.61 km for the 4 smoke plumes, respectively. From MINX results we can also obtain the smoke plume area of 1.46 × 10 3 km 2 , 1.31 × 10 3 km 2 , 1.36 × 10 3 km 2 , and 1.04 × 10 3 km 2 , respectively which are rather lower than that from MODIS band 8. MINX was robust in deriving aerosol height but could only recognize thick smoke which could be easily identified from true color images. MODIS band 8 has the potential to derive thin smokes using the reflectance threshold.
Burned Area Monitor
Burned area of forest fires could be accurately and rapidly monitored using remote-sensing images based on sharp differences in the spectral characteristics of the surface inside and outside of the burned scars. Using MODIS band 21 (MYD021KM.A2015110.0515.006.2015110190452) fire points were observed and visual interpretation was used to map the burned scars ( Figure 4 ). Here, we assume that the smoke plumes were released from the mapped burned scars. Given that the spatial resolution of MODIS is 1000 m, the burned scars must contain many mixed pixels. This means that the burned areas used in this study are worth discussion. 
Model XCO 2 from Smoke Plumes
The XCO 2 values of smoke plume pixels changed with the smoke concentration. To calculate CO 2 emissions accurately, we first calculated XCO 2 values for each smoke plume pixel and then subtracted clear sky XCO 2 values. In this paper, linear regression analysis was used based on OCO-2 XCO 2 values and MODIS band 8 reflectance in the intersection regions. Scatter plots of XCO 2 against MODIS band 8 reflectance in the study region are shown in Figure 4 and close correlations were found (R 2 = 0.655, p < 0.001). By using the relationships between MODIS band 8 reflectance and XCO 2 , we could calculate XCO 2 of the smoke plume pixels that did not intersect with OCO-2 points ( Figure 5 ). In Figure 6 we see that XCO 2 also has different values because of differences in smoke concentration. Higher values are in the center, and lower values are at the edges of the smoke plumes. XCO 2 values decreased with increasing transport distance. 
CO 2 Emission Calculation from OCO-2 Model
Equations 1-3 (named the OCO-2 model) were used to calculate CO 2 emissions from wildfires. In the OCO-2 model, the height of the smoke plumes was derived from MISR data using MINX v4.0 software, the smoke plumes were derived from MODIS band 8. The calculated CO 2 emissions for each fire point are shown in Table 1 . We found that CO 2 emissions were from 122.21 (±4.87) × 10 3 Mg for the 2# wildfire to 288.70 (±14.33) × 10 3 Mg for the 4# wildfire. 
Discussion
Smoke Plume Height Estimation
Energy from wildfires, especially crown fire, can loft smoke plumes above the boundary layer and promote long-distance transport of gases and particulate matter. Not all smoke aerosols rise high enough and form plumes. A great number of smoke aerosols remain in the near-ground layer [4, 49] .
From OCO-2 model we know that the height of smoke plume is rather important in determining the accuracy of CO 2 emissions. Regarding the height of smoke plumes, researchers acquire different results using different methods for different fires. Vadrevu, et al. [60] used Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) to monitor the mean smoke height and suggested that the value was from 2.5 to 9.3 km with an average height of 5.35 km at the northern border of India. Using multi-wavelength lidar, MODIS, and CALIOP imageries, Wu, et al. [61] obtained different elevation values of smoke plumes from 1.5 to 6.5 km for different fire case locations. Ross, et al. [41] assumed the plume height was 0.3, 1, 2, and 5 km to assess the ratio of XCO 2 and XCH 4 from GOSAT in the presence of wildfire plumes. Guo, et al. [7] used GOSAT FTS-TIR L2 data to identify the boundary of smoke plumes in a Russian wildfire of 2010 and obtained the height of 1.58 km; however, this result warrants discussion because of the coarse resolution of GOSAT profile data. Kahn, et al. [50] calculated the height of smoke plumes in Australia using the Multi-angle Imaging SpectroRadiometer (MISR) instrument and found wind-corrected values of approximately 3.5 km. Mazzoni, et al. [49] employed MISR and MODIS data collected over North America during the summer of 2004 and found that the plume height was approximately 3 km (see Figure 5 in Mazzoni, et al. [49] ).
By employing MINX v4.0, we calculated the height of each wildfire smoke plume as shown in Figure 3 . To simplify, we calculated the average height of each smoke plume pixel and obtained the height value as 2.29 km, 2.38 km, 1.99 km, and 2.61 km respectively for the 4 smoke plumes. Compared with former research, we found that our results were slightly lower for the average smoke plume height which is mainly due to lower energy released from small burned areas.
CO 2 Emissions by BBM
Using OCO-2 model, we have estimated CO 2 releases from 4 fire scars in Siberia. As we have shown, this is the first time that there has been a determination of CO 2 emissions from forest fires using OCO-2 data. We employed BBM, the most commonly used method in estimating trace gases emission from biomass burning [11, 13, 21] , to verify the accuracy of our results.
As mentioned above, it is difficult and complex to obtain these variables accurately because of the high spatial heterogeneity of vegetation, different weather conditions, and different behaviors of each fire [7, 14] . It is also quite difficult for us to field measure all these variables in Siberia by ourselves. Luckily, each variable, such as biomass fuel load, combustion factor, and EF, have been discussed by many researchers in recent years. Based on the former researchers' results, Werf, et al. [13] argued that the EF in an extratropical forest was 1572 g kg −1 . Based on localized measurements, Zhou, et al. [16] found that the EF was 1543-1630 g kg −1 in Chinese forests. The study by Shi and Yamaguchi [15] found an EF of 1580 g kg −1 in the forests of Southeast Asia. Chang and Song [56] used an EF value of 1618 g kg −1 for the forest to estimate biomass burning emissions in tropical Asia. Akagi, et al. [59] used emission ratios (the molar ratio between the two emitted compounds) to derive EF based on the carbon mass balance method. Laboratory-and ground-based measurements and airborne measurements of EF for burning organic soils, peat, and woody/down/dead vegetation by many researchers were considered in order to calculate EF by Akagi, et al. [59] , who concluded that the EF of CO 2 for boreal forests is 1.489 (±0.121) kg kg −1 . The study region in this work is located at high latitudes where the most important boreal forests in the world exist which is similar with Akagi et al.'s research. Thus, in this paper, we used the EF of 1.489 (±0.121) kg kg −1 .
Akagi, et al. [59] summarized much of the literature data for biomass consumption (biomass loading multiply combustion factor) for different vegetation and fire types and we used their result of 38 Mg ha −1 here. CO 2 emissions from each fire scar and all other variables are shown in Table 2 . The comparisons with the results of the OCO-2 model are also listed. We found that the results by the BBM are higher than those of the OCO-2 model for all 4 fire scars. The most similar results were found in the second fire scar (25.76%); the largest bias was in the first fire scar (157.11%) followed by the third (121.10%). We found that all of the study cases have an equal magnitude of CO 2 emission results by the BBM and OCO-2 models. Thus, we can propose that OCO-2 has great potential in estimating CO 2 emissions from wildfires. Table 2 show the different CO 2 releases from boreal forest fires between BBM and OCO-2 models. We found that the BBM results are higher than those of the OCO-2 (from 25.76% to 157.11%) but remain within our expected range.
CO 2 Emission Differences between the Two Models
The differences may be due to the uncertainty variables of BBM. The biomass fuel load and combustion factors are crucial but difficult to estimate accurately. Biomass fuel load estimates are complex because of the high spatial heterogeneity of the different types of vegetation sampled. Biomass fuel load (here, we just consider the aboveground biomass) was calculated at three levels: litter, surface fuels, and tree crowns; all these three levels change with species and vegetation type and are also affected by the age structure of the forest, the years since the last disturbance, and so on [14, 41] . Saatchi, et al. [62] found that the error of forest biomass fuel load is about 50%. The boreal forest is made up by many different biological communities with different biomass loads. The burned scars, especially the larger ones, usually contain many biological communities. The study region is located at the edge of Siberia and the vegetation communities may differ with former research. In this paper, we did not consider biological communities and used one value for the study region. Biomass fuel load based on vegetation community information may increase the estimation accuracy.
Another variable that affected the BBM result is combustion factor, which indicates the ratio of the burned biomass during a fire and is also difficult to estimate because of differences in vegetation characteristics (i.e., plant age, growth cycle, and water content), as well as the unique behavior of each fire. Many researchers have argued that the combustion factor is affected by fire type (surface fire, crown fire, or ground fire), fire phase (flaming or smoldering), and many other factors, such as wind speed, month of occurrence (vegetation has different water content in spring and summer), soil moisture, and even different slope aspects; the different regions ranges of the combustion factor are from 34%~69% with an uncertainty of 50% [7, 13, 56, 59, 63] . Uncertainties over the emission factor can also not be ignored and researchers obtained different EF values for boreal forests [13, 59] .
Burned area is also an important factor that affects CO 2 emissions. CO 2 emissions from forest fires have a strong correlation with burned area; accurate measurement of burned area has been crucial for CO 2 emission estimates [14] . Post-fire burned area could be fairly accurately mapped by airborne and satellite imageries of boreal forests but in this paper, the burned areas were not the post-fire areas. Due to the higher reflectance of burning biomass the burned area may be enlarged in this study. We looked at actively burning forest and freshly burned areas that could correspond with smoke plumes, meaning we could not use any other higher spatial-resolution images aside from those of Aqua MODIS.
Uncertainties in the OCO-2 model may come from the smoke plume area, the modeled XCO 2 value of each pixel, as well as the bias of OCO-2 retrieval XCO 2 values. In this study, the smoke plumes were identified by the thresholds of MODIS band 8 which were affected by the researcher's knowledge of remote sensing.
O'Dell, et al. [64] argued that the retrieval XCO 2 will lead to a small positive bias of about 0.3 ppm when thin cirrus appears. They also defined the clouds as the aerosol optical depth (AOD) greater than 0.3. In this study we used MODIS product (MYD04, version 061) with a spatial resolution of 3 km to view the AOD value of wildfire smoke plumes that overlaid with the OCO-2 footprint. We found that all the AOD values of smoke plumes used for the XCO 2 model were lower than 0.3 which means that we could ignore this bias. With the increasing AOD of smoke plumes, the modeled XCO 2 bias may increase; here we did not consider this error. Thermal Infrared Red (TIR) satellite soundings have low sensitivity below 2-3 km of altitude, especially in the boundary layer [65] , therefore OCO-2 retrieved XCO 2 may be underestimated in the smoke plumes boundary layer. We also did not consider this bias in this paper.
Advantages and Limitations of the OCO-2 Model
The OCO-2 model calculates CO 2 emissions using the XCO 2 value and smoke plume characteristics that can be obtained using remote-sensing techniques. It has the advantage of remote-sensing technologies repeat data acquisition, such as being more efficient and saving labor costs.
However, there are limitations for the OCO-2 model. Firstly, there may be an error when smoke plumes area is identified. The threshold of the smoke plume area identified was based on artificial visual interpretations, and the accuracy depended on the knowledge and understanding of smoke plume characteristics by researchers. Although MISR data could be used as a reference, some smoke plumes, especially the smoke released from earlier burning, will be dispersed into the atmosphere and could not be captured by the MODIS sensor. To some extent, this could explain why the estimated CO 2 emissions using the OCO-2 model are lower than BBM.
Secondly, the most serious limitation of our approach is the lack of data. Given the 16-day recycle time of OCO-2, it is not easy to intersect with the smoke plumes, meaning that smoke from small or short-lived wildfires could not be captured by the OCO-2 satellite. It is time consuming to look for OCO-2 points that intersect MODIS smoke plumes on the same day. In this study, we just attempt to explore a simple and accurate method for using remote sensing data to estimate CO 2 emissions from wildfires and in the future, automatic methods for identifying smoke plumes and selecting the intersected OCO-2 points must be developed.
Conclusions
Every year, thousands of wildfires occur in boreal forests and release a great amount of CO 2 into the atmosphere. Wildfires transform forests from carbon sinks into sources. Accurate estimation of GHG, especially CO 2 from wildfire in boreal forests, is necessary to understand the role of boreal forests in carbon cycle and global warming. This study explored the feasibility of using OCO-2 and MODIS data to estimate CO 2 emissions from wildfires in boreal forests and we were able to draw a few conclusions.
Firstly, CO 2 emissions could be calculated using OCO-2 data and Aqua MODIS images because of the close passing time over the same territories. MODIS band 8 and 21 could be used in smoke plume identification and burned area monitoring. Because of the higher reflectance of burning biomass, the burned area identified in this study may be enlarged and lead to higher CO 2 emissions from BBM.
Secondly, the widely used biomass burning method, BBM, was used to verify the results of the OCO-2 model and found that the biases were between 25.76% and 157.11%. The different results between BBM and the OCO-2 model were because of the biases of the smoke plumes area, smoke plume height, burned area, biomass fuel load, and even the different biological communities of the study region with the references.
Thirdly, based on the different CO 2 emission results, the advantages and limitations of the OCO-2 model in estimating CO 2 emissions from wildfires were analyzed and found that OCO-2 is a useful tool for fire-emission monitoring.
The present study proposed a new approach to estimate CO 2 emissions from wildfires using remote-sensing data and extends the application range of GHG satellites. In the future, many works are needed to perfect the OCO-2 model, especially to improve its efficiency and accuracy.
